The location-routing problem (LRP) considers facility-location and vehicle-routing decisions. These decisions have to be tackled simultaneously since they are interdependent. In this work, a two-stage LRP is considered wherein customers are to be served from a number of plants through a number of depots. Since LRP is an NP-hard problem, heuristic approach becomes the only alternative to solve the problem as the problem size increases. An ant colony optimisation (ACO)-based heuristic is proposed to solve the problem. For the purpose of performance evaluation of the proposed heuristic, various problem sizes are generated and the computational results are analysed. The results of this study reveal that the proposed heuristic is efficient for solving location routing problem in a two stage supply chain.
Introduction
The scope of the work reported in this paper combines two types of decisions namely, the allocation of facilities and the design of routes from these facilities. Salhi and Rand (1989) suggest that solving these problems independently leads to sub-optimisation. In a survey conducted by Min et al. (1998) , most of the published research works are concerned with either facility location or vehicle routing problems (VRPs), but recently researchers formulate both the decision problems together. According to Tuzun and Burke (1999) , integrated location-routing models are used to solve the location allocation problem (LAP) and the VRP simultaneously so that the interactions between these two decisions are reflected. The main difference between the location-routing problem (LRP) and facility-location problem is that, once the facility is allocated, the former also solves the problem for optimum sequence to serve all the customers, whereas the later assumes a straight line or radial trip. This ignorance of tours in an LAP when allocating the facilities leads to increased distribution costs (Chan and Kumar, 2009; Prins et al., 2009; Kumar et al., 2011; Sun, 2012; Malmir et al., 2015) . In VRP, only one depot is considered and it is concerned with finding the best possible sequence to serve the customers from this depot. However, in general terms, a supply chain consists of multiple depots with the depots serving multiple customers. Hence, these decisions have to be tackled simultaneously to minimise the total distribution costs and improve the customer satisfaction levels.
The practical application of LRP can be noted in different fields such as bill delivery services (Lin et al., 2002) , parcel delivery (Bruns et al., 2000; Wasner and Zapfel, 2004) , waste collection (Kulcar, 1996) , newspaper delivery system (Eraslan and Derya, 2010) , military applications (Murty and Djang, 1999) , vehicle patrolling (Hu and Egbelu, 2001) , school bus routing (Park and Kim, 2010) , split delivery VRP (Aleman et al., 2010) and consumer goods distribution (Aksen and Altinkemer, 2008) .
In general, there are two distinct classes of LRP namely, single-stage LRP and two-stage LRP. Single-stage LRP is usually made up of facility nodes (warehouses or distribution centres) and demand nodes (retailers or customers). The objective is mainly concerned with the establishment of the facilities and the construction of optimal routes serving the customers. Two-stage LRP expands the scope of the problem with multiple plants, multiple warehouses (or distribution centres) and multiple customers. However, researchers have studied LRP limited to a single-stage LRP in a supply chain, whereas a practical distribution network usually consists of more than one-stage. Hence, a research gap exists in the literature for the modelling and analysis of a two-stage LRP. In addition, an ACO-based heuristic is proposed to solve a two-stage LRP. 1. Which plants have to be opened? 2. Which plants should meet the demand of the depots? 3. What is the sequence in which the depots have to be served?
Location-routing problem and the two-stage supply chain
A two-stage LRP is defined in its general form as the problem of a determining the depots to be opened (i.e., location of depots) b allocating a set of customers to each of the opened depots c designing the vehicle routes from the opened depots to the allocated customers d determining the plants to be opened (i.e., location of plants) e designing the vehicle routes from the opened plants to the allocated depots. Figure 1 shows a supply chain with a two-stage distribution-allocation.
In this work, the objective of the problem considered is to minimise the total cost incurred:
1 To allocate a set of customers to a depot and design a vehicle routes from the depot to serve all the allocated customers.
2 To allocate the depots to the manufacturing plants and to design vehicle routes from the plants to serve all the allocated depots.
Role of ACO meta-heuristics in solving the LRP problems
Meta-heuristics have become prominent approaches to solve combinatorial optimisation problems (Pour and Nosraty, 2006; Liaoa and Liaoa, 2008) . LRP is known to be NP-hard (Tuzun and Burke, 1999) and exact algorithms are proposed for simple LRP models with single facility and uncapacitated vehicles. The effective solution methods for general LRP models are found to be meta-heuristics which iterate between location and routing level, for example, Prins et al. (2007) propose a cooperative iterative meta-heuristic with Lagrangean relaxation and granular tabu search (TS) heuristic, Sajjadi and Cheraghi (2011) developed a simulated annealing approach for LRP, etc. In recent years as ACObased heuristic has emerged as a prominent approach in solving LRP, the following works are reported in the literature. Calvete et al. (2011) propose a bi-level mathematical model for a hierarchical production-distribution planning problem and use an ACO approach to solve the model. Yu and Yang (2011) formulate a periodic VRP with time windows and solve the model with an ACO-based heuristic. Ting and Chen (2013) propose a multiple ACO algorithm for solving a capacitated LRP. The ant system consists of multiple colonies and applies a hierarchical structure adopting different transition rules in each ant colonies. The whole problem of LRP is divided into two subproblems such as location selection and multi-depot VRP. Yakici (2016) propose an ACO-based heuristic for solving an LRP of an unmanned aerial vehicle.
Aim of the present work
The aim of this work is to propose an ACO-based heuristic to solve an LRP. Thus, objectives of this work are as follows:
Propose an ACO-based heuristic to solve the two-stage LRP model with capacitated depots and capacitated routes using homogeneous fleet.
Conduct computational experiments for performance analysis of the proposed heuristic with problem instances comprising upto 6 plants, 20 depots and 200 customers
The rest of this paper is organised as follows: Section 2 provides a review of the relevant literature. Section 3 deals with the problem description for a two-stage LRP. Section 4 describes the solution methodology to solve the two-stage LRP using ACO-based heuristic. Section 5 depicts an illustrative example. Section 6 discusses the computational results. Section 7 presents the managerial implications of the present work. Finally, the paper concludes in Section 8.
Related research
Facility location and vehicle routing represent the two most important streams of research in supply chain management. According to Ambrosino and Scutella (2005) , to optimise the flows and activities in the supply chain, there is a need for vertical integration between entities that operate at different levels and horizontal integration between actors of the same level. Hence, research has to be focussed on the relationships between facilities and transportation costs, i.e., solving the location-allocation problem and the routing of vehicles from these facilities interdependently. LRP integrates the strategic (facility-location) and tactical (vehicle-routing) levels of decision making. Location-routing models have several variants according to their constraints, for example, models with capacitated depots, capacitated vehicles, maximum route length, time windows, etc. Nagy and Salhi (2007) classify LRPs depending on the four key aspects namely, hierarchical structure, type of input data, solution methodology and planning period. They also broadly explain the different possible solution approaches for LRP such as exact solution methods and heuristic solution methods for deterministic problems. Further, the heuristic methodologies are classified into cluster-based, iterative and hierarchical heuristics.
Exact algorithms
Exact algorithms such as cutting plane method and branch and bound method have been proposed for solving LRP with capacitated depots, capacitated routes and for varying constraints of the location-routing problem. Though these methods provide significant insights into the problem, due to the problem complexity, relatively small instances can only be solved. Ambrosino and Scutella (2005) formulate a four-layer LRP with one plant, central depots, transit points, and customers. The model is solved using CPLEX software. Belenguer et al. (2011) propose an exact approach based on branch-and-cut algorithm for solving the LRP with capacity constraints on depots and vehicles. Hamidi et al. (2012) focus on modelling a complicated four-layer and multi-product LRP with a network consisting of plants, central depots, regional depots, and customers. The distribution problem is represented as a mixed-integer programming model and considers the location problem at two layers, the allocation problem at three layers, the VRP at three layers, and a transhipment problem. The model is solved using GAMS software. In the literature, cutting plane method has been used to solve problems with 40 facilities and 40 customers; branch and bound method to solve up to three facilities and 80 customers (Nagy and Salhi, 2007) . In short, solving an LRP with an exact method is found to be computationally too expensive or even impossible (Caballero et al., 2007) . Hence, for solving larger problems or real instances, heuristics are the possible approaches.
Meta-heuristics
Recent developments in the solution of combinatorial problems are the introduction of meta-heuristics such as TS, memetic algorithm, genetic algorithm, simulated annealing, and ant colony optimisation. Many researchers propose meta-heuristics with two phases to solve the general LRP with capacitated depots and capacitated vehicles. Tuzun and Burke (1999) develop a computationally efficient two-phase TS algorithm to solve the LRP. Wang et al. (2005) propose a two-phase hybrid heuristic approach combining TS and ACO to solve the capacitated LRP. Melechovsky et al. (2005) formulate the locationrouting problem using the two-index VRP formulation and hybridise variable neighbourhood search with the principles of TS to solve the model. Prins et al. (2006a) consider a capacitated LRP and propose a memetic algorithm with population management for solving the model. Prins et al. (2006b) solve the LRP with capacitated depots and routes by combining greedy randomised adaptive search procedure with a learning process and a path re-linking mechanism. Duhamel et al. (2008) integrate a local search procedure with genetic algorithm to solve an LRP. Escobar et al. (2013) propose a TS based two-phase hybrid heuristic algorithm to solve the capacitated location-routing problem. Wu et al. (2002) apply a simulated annealing-based decomposition approach to solve the multi-depot LRP with homogeneous or heterogeneous fleet types with limited number of vehicles. While Wu et al. (2002) decompose an LRP into two sub-problems for solving; Yu et al. (2010) propose a simulated annealing-based heuristic for a capacitated LRP, solving in an integrated approach. Zarandi et al. (2011) consider a capacitated LRP in a fuzzy environment and use a simulation-embedded simulated annealing procedure to solve the problem. Karaoglan et al. (2012) present an LRP model with simultaneous pickup and delivery. They propose a two-phase heuristic approach based on simulated annealing to solve the model.
ACO meta-heuristics
ACO based algorithm is increasingly getting attention from researchers to solve NP-hard problems as these algorithms performs better than population based heuristics Monteiro et al., 2013) . Yang and Zhuang (2010) develop an improved hybrid ACO with genetic algorithm and simulated annealing for solving a mobile agent routing problem. Yu and Yang (2011) formulate a periodic VRP with time windows and solve the model with improved ACO-based heuristic. The routes are further improved using crossover operations. De la Cruz et al. (2013) considers a practical variant of the VRP known as the heterogeneous VRP with time windows and multiple products and proposes a sequential ant colony system-tabu search algorithm with a two pheromone trail strategy to accelerate agents' (ants) learning process. Most recently Panicker et al. (2016) propose an ACO-based heuristic to solve the location routing problem in a supply chain.
Applications of LRP by different approaches
In the literature, there are considerable amount of works that report the application of an LRP. Mar-Ortiz et al. (2013) formulate an integer programming model and develop a GRASP based algorithm to solve a vehicle routing and scheduling problem for the collection of waste of electric and electronic equipment. Abdelmaguid and Dessouky (2006) introduce a new genetic algorithm approach using a randomised version of a previously developed construction heuristic to generate the initial random population for the integrated inventory distribution problem. Lin et al. (2002) adopt a meta-heuristic approach based on simulated annealing and threshold accepting to solve a practical application of LRP in the delivery of telephone bills. As an extension to the same case study reported in Lin et al. (2002) . Reddy et al. (2013) apply an ACO-based heuristic to solve the location routing problem encountered in the delivery of telephone bills. Recently, Liu and Kachitvichyanukul (2015) consider a capacitated LRP with capacitated homogenous fleet and propose a heuristic based on particle swarm optimisation with multiple social learning terms.
Research on a two-stage LRP
Generally, an integrated LRP studied in the literature concentrates on the single-stage LRP, consisting of allocation of a set of customers to depots and to design the optimum routes in which customers are served from these established depots. Research on two-stage LRP is very limited. However, there are a few research works addressing two-stage LRP. Lee et al. (2010) examine a multi-level supply chain with routing and without routing. They formulate two mixed integer programming models for each problem and develop a heuristic algorithm based on LP-relaxation to solve the model with routing. A bi-level program on ACO-based approach is introduced by Calvete et al. (2011) to model the production-distribution planning problem. In order to construct a feasible solution, the procedure makes use of ants to compute the routes of a feasible solution for a multi-depot VRP. Then, under the given demand data of the depot, the corresponding production problem of the manufacturing company is solved. Boccia et al. (2010) develop a TS-based heuristic where the two-stage LRP is decomposed into four sub-problems with one LAP and one VRP for each stage. The four sub-problems are sequentially and iteratively solved and their solutions are combined in order to determine a good global solution.
Summary
The review of the literature presented above reveals that there are very few works addressing two-stage LRPs. Hence, in this work, a two-stage LRP is solved using a proposed ACO-based heuristic. Finally, to assess the efficiency of the proposed heuristic, it is tested on three sets of problem instances which are randomly generated. The sets of problem instances are classified according to the number of customers, depots and plants. The problem instances are solved and the computational results are compared with each other.
Problem description
The study in this work uses an assumed situation of a two-stage location routing problem. The following considerations define and delimit the problem considered in this paper:
The supply chain network consists of multiple plants and multiple depots with given capacities and multiple customers with known demand.
A single product environment with a limitation for plant capacity, depot capacity and vehicle capacity is considered.
The location of the plants, the depots and the customers are predetermined.
The vehicle fleet is homogeneous, i.e., all the vehicles have the same capacity.
Vehicle capacity is considered only for the depot to customer phase of the problem, i.e., there is no limitation on the vehicle capacity in the plant to the depot phase of the problem.
Individual demand of each customer cannot exceed the capacity of a vehicle.
Each vehicle starts and ends the route at the same depot.
Each depot and customer is visited by a vehicle exactly once, i.e., the entire demand of the depot or the customer is met by a single vehicle.
Each delivery centre is supplied by one plant.
Mathematical formulation of the two-stage LRP
The main objective of the model is to minimise the sum of plant location costs, depot location costs, and transportation (routing) costs from plants to depots and from depots to customers. The model assumed has two-stages, namely allocation problem in the first stage and routing problem in the second stage. Finally, a performance analysis has been carried out for the proposed ACO-based heuristic. 
Mathematical model for allocation problem
,
Mathematical model for routing problem
The objective function (1) minimises the sum of the depot opening costs, the plant opening costs, transportation cost from plant to depot (stage 2) and from depot to customer (stage 1). Constraints (2) and (5) allocate customer nodes to depot nodes in stage 1 and depot nodes to plant nodes in stage 2 respectively. Constraints (3) and (6) ensures the assignment of nodes as required number of depots and plants in stage 1 and stage 2 respectively. Constraints (4) and (7) ensures that all the customer nodes are assigned to depot nodes in stage 1 and depot nodes are assigned to plant nodes in stage 2 respectively. Constraints (8) and (14) ensure that each customer or depot belongs to exactly one route, i.e., customer demand or depot demand is met by exactly one depot or plant respectively. Constraints (9) and (15) are the capacity constraints associated with the vehicle for transporting from depots to customers and plants to depots respectively. Constraints (10) and (16) link the assignment constraint to routing constraints in stage 1 and stage 2 respectively. Constraints (11), (12), (17) and (18) are routing constraints between the customers in stage 1 and depots in stage 2. Constraints (13) and (19) are sub-tour elimination constraints which eliminates sub-tours between the customers in stage 1 and between depots in stage 2. Finally, constraint (20) specifies the binary variables used in the model formulation.
Heuristic algorithm based on ant colony optimisation
For the two-stage LRP model with capacitated plants, capacitated depots and capacitated routes with a homogeneous fleet of vehicles formulated in the preceding section, a solution methodology is proposed based on ACO.
In the proposed heuristic, each ant mimics a vehicle in an LRP. The ant lays a trail with a chemical substance called pheromone as the ant traverses from a depot to a customer or from a customer to another customer or from a plant to a depot or from a depot to another depot. The density of pheromone is updated as an ant travels from one node to another node. The information about the quality of the solution on the edges connecting the nodes depends on this density. The density of pheromone (i.e., information) directs the search of the ants in the succeeding iterations.
Initially, an ant starts constructing the route from a randomly selected depot. In the next move, the ant selects a customer depending on the probability function (as discussed in Section 4.2). The capacity of vehicle and the depot are updated before the ant selects the next customer. Finally, the ant returns to the depot when the vehicle capacity constraint is met or when all the customers are served or when the depot capacity constraint is met. After the first stage, i.e., the end of the ant movement from depot to customer, the ant provides a set of routes serving all the customers and the total demand at each depot. From stage 1, the above information regarding the total demand at a depot is forwarded for stage 2, i.e., from plant to depot. The same procedure described above is adopted by the ant while constructing the routes in stage 2. This completes the construction of routes for stage 2 of the problem. In this way, the heuristic constructs a complete tour for the first ant prior to the second ant starting its tour.
The following sections explain the detailed procedure of ACO-based heuristic.
Initialisation process
The ACO-based heuristic is initialised with the data given below:
1 Distance matrices between the following nodes: where, D ij is the Euclidean distance between coordinates (x i , y i ) and (x j , y j ).
Probability function computation and route construction
The ACO-based heuristic starts with an ant constructing a route from a random depot. The first customer to be served from the selected depot depends on the probability value which is calculated using the probability function. The probability matrices from the depot to the customer (P dc ), from customer to customer (P cc ), from plant to depot (P pd ) and from depot to depot (P dd ) are calculated based on the initial pheromone values. The probability between two nodes i and j for an ant l is represented as The value of visibility helps each ant to choose the most favourable path based on the probability function calculated using equation (22).
Pheromone updating
The pheromone is updated based on two methods namely, local updating and global updating. Local updating of trails is done after an ant moves from one node to another node. The local pheromone updating is done as per the equation (24).
where, Δ l ij τ is the increment in the pheromone value for ant l on the edge i -j which is the local increment in the pheromone and is given by equation (25).
, f ant uses edge ( , ) Δ 0, otherwise
where Q is a parameter initialised in the beginning of the algorithm;
L l is the distance travelled by ant l on the edge (i -j).
The global updating happens when a solution is generated from an ant. The pheromone is reduced by an evaporation process. This is termed as global updating. This is an exploration mechanism that prevents quick convergence of all the ants towards a sub-optimal path (Dorigo and Stutzle, 2004) . The evaporation of the pheromone favours the exploration of various paths in the search process (Panicker et al., 2016) . The pheromone trail is evaporated at an exponential rate on the edges. The pheromone trail is updated on edge (i, j) for (t + 1) th iteration using equation (26).
( 1) (1 ) ( )
where, ρ represents evaporation rate of the pheromone which is initialised in the beginning of the algorithm and t denotes the number of the iteration.
Calculation of total cost and evaluation
When the complete solution for a problem is obtained, the total cost incurred for the route is calculated. The determined total cost is compared with the best solution. If the solution obtained is better than the previous best solution, the best route and the best cost are updated. This procedure will continue till all the ants constructs the route. When the next ant constructs a solution, the updated pheromone information directs the search of the ant in the present iteration. As the predetermined number of ants completes the construction of routes, the iteration is incremented. The above procedure is repeated till the predetermined number of ants and iterations are completed. In the impending iteration, the new ant constructs a solution with the initial pheromone information only. Moreover, each ant contains a memory that stores its own best solution seen so far and a global best solution obtained through communication with the neighbour ants. The flow chart for the proposed ACO-based heuristic is shown in Figure 2 . 
Illustrative example
This section provides the illustration of the ACO-based heuristic applied for the allocation-routing decisions for a two-stage problem generated.
Input data and parameter setting
An LRP instance with two plants (P1, P2), four depots (D1, D2, D3, D4) and 10 customers (C1, C2, …, C10) is considered in this section of the paper for numerical illustration of the heuristic. The details of the LRP instance are provided in Tables 1 to 3 . As described in Section 4.1, Taguchi method of robust design is applied to initialise the parameters of ACO algorithm. The levels used for the parameters are chosen based on the guidelines provided by Dorigo et al. (1996) . Based on the Taguchi experimentation, the values selected are = 0.5, = 1, ρ = 0.1, Q = 1. The number of iterations is set at 25 and number of ants is set at 100.
Solution generation
For example, consider a depot D1 and a customer C1. The probability between D1 and C1 is calculated for ant 1 as follows: 
Similarly, the probability is calculated between various nodes. The probability matrices are shown in Tables 4 -7. Table 4 Probability matrix from depot to customer From a randomly selected depot, i.e., D2, the customer with the highest value of probability corresponding to depot D2 is selected from the P dc matrix, i.e., customer C4. The selected customer C4 will be served by the depot D2. If two customers are located at the same location, the probability being the same and both customers will be served one by one continuously. The above process commences the construction of the first route (Route 1) from depot D2. The ant moves from the depot D2 to the customer C4. As the ant moves, the pheromone is updated in the τ dc matrix between D2 and C4 using equations (24) and (25) as given below. The updated pheromone matrix (τ dc ) is tabulated as in Table 8 (local pheromone updating). Using the probability matrix (P cc ), the second customer which has the highest probability with the already allocated customer (i.e., C4) is selected. If two or more customers have the same probability, randomly one customer is selected. As customer C5 has the highest probability with the already allocated customer, assign C5 to the Route 1 of depot D2.
The intensity of pheromone is updated using equations (24) and (25) and the updated pheromone matrix (τ cc ) is shown in Table 9 . Afterwards, the same procedure is followed and customer C2 is assigned to the Route 1 from depot D2. With this allocation, the sum of the demand of all the customers' allotted in this route reaches 46. Further allocation of a customer in this route will violate the vehicle capacity constraint. Therefore the ant (vehicle) returns to depot D2. The intensity of pheromone is updated between the last customer (i.e., C2) and the depot D2 in τ dc matrix as shown in Table 10 . This ends the first route (Route 1) starting from depot D2. Table 10 Pheromone matrix between depot and customer Before assigning customers to the second route from the same depot D2, the depot capacity is updated. The updated capacity is verified so as to avoid the violation of depot capacity constraint. If found that the depot D2 has capacity to serve more customers, a second route is built; else, select another depot from among the remaining depots randomly. This procedure is repeated for the route construction. This step makes sure that each depot serves to the maximum of its capacity. Depot D2 constructs a single route serving customers C2, C4 and C5. Now, as the depot capacity constraint is met, another depot say D1 is selected randomly. The same procedure is repeated till all the customers are served. Finally, the following routes are constructed for depot D1:
Route 1 C9 -C7 -C3 Route 2 C1 Therefore, depot D1 serves customers C1, C3, C7 and C9 in two routes. Further allocation of a customer will violate the depot capacity constraint. Hence, another depot D3 is selected and the customers C10, C8 and C6 are served in sequence. With this allocation, all the customers are allocated. This completes the construction of routes for stage 1 of the problem. Tables 11 and 12 correspond to the pheromone values from the depots to the customers and between the customers respectively after an ant complete the construction of routes in stage 1.
Table 11
Pheromone matrix between depot and customer after first ant solution 
Table 12
Pheromone matrix between customer and customer after first ant solution From stage 1, the information regarding the total demand at each depot is known and this helps in construction of routes in stage 2. The same procedure described above is adopted by the ant while constructing the routes in stage 2. Finally, the ant provides the following solution:
Plant P2 serves depot D1 and D2
Plant P1 serves depot D3
The pheromone intensity is updated in stage 2 between the nodes P2 -D1, D1 -D2, D2 -P2 and P1 -D3, D3 -P1. The updated pheromone matrices after constructing the routes in stage 2 are shown in Tables 13 and 14 .
Table 13
Pheromone matrix between plant and depot after first ant solution Tables 15 to 18 provide the pheromone intensity between various nodes in stage 1 and stage 2 after global updating of pheromone. When the complete solution for a two-stage LRP model is obtained, the total cost incurred to complete a route is calculated. The unit travelling cost is assumed to be 100 monetary units. The total cost includes the following components:
Cost of opening depots D1, D3 and D4 = 2,961 + 2,045 + 1,974 = 6,980 ( 
Analysis of the results for the illustrative example
The ACO-based heuristic developed is executed for ten times (or ten replications) for the illustrative example. For each of the iterations in a run, the best objective function value (minimum total cost) provided by the 100 ants in the heuristic is determined. A plot of the objective function value in each of the iterations in a run is provided in Figure 4 . This figure shows the convergence of the solution obtained from the proposed heuristic upon successive runs. In the initial iteration and initial run, a higher fitness value (= 329668.18) is obtained. As the iteration proceeds, the fitness value converges to an amount of 282458.50 monetary units in less than 25 iterations. Since the heuristic is replicated independently, in each run, it is found that the objective function value converges to the same amount of 282458.50 monetary units. Therefore, the ACO-based heuristic attains the convergence in 25 iterations. 
Computational study
The proposed ACO-based heuristic is coded in MATLAB and implemented on a Core i5 processor at 2.67 GHz PC with 4 GB RAM to solve three sets of problem instances consisting of multiple plants, multiple depots and multiple customers. The results thus obtained are tabulated using Microsoft Excel 2007.
Simulated instances
Taking into account that the LRP benchmark problems provide data on the delivery process in single-stage LRP only (i.e., location of depots and customers, customer demand, capacity of vehicle and depots, costs associated with depot establishment and transportation costs), the data for the two-stage LRP has been randomly generated adapting to the instances in LRP benchmark problems. Three sets of problem instances are generated varying in problem size from 50 to 200 customers, five to 20 depots and two to six plants. In all, 75 problem instances of varying characteristics falling into three problem sizes are solved. Members of each problem size have the same number of customers, depots and plants. Characteristics of each set of problem instances are shown in Table 19 . 
Results and analyses
The ACO-based heuristic developed was executed ten times on each problem instance generated. The performance of the proposed heuristic has been measured in terms of the objective function value (total cost) provided by the heuristic and the computational time involved. Column 1 shows the problem instances. Columns two to five show the average of ten runs, the best solution obtained from ten runs, the worst solution obtained from ten runs and the percentage gap between the average value of the solution and the best solution identified. The percentage gap is calculated as given by equation (27). Finally, the last column shows the average of the computational time in seconds taken in making the iterations prescribed in the ten runs of the instance. As expected, the computational time increases with the problem size. With respect to the percentage gap, the heuristic shows better performance and consistency regardless of the problem class. The percentage gap ranges from 0.29% to 2.72% for smaller size problems, from 1.36% to 2.87% for medium size class problems and from 0.7% to 4.47% for larger size problems. The results of the experiment are tabulated in Tables 20 -22 as shown below. Descriptive statistical analysis is carried out on the results obtained for all the three sets of problem instances. Descriptive statistic particularly dispersion statistic is carried out on the results obtained. The dispersion statistic (standard deviation) provides information about the variability of the data about the measures of central tendency.
For comparing the variation in the data groups that have different means, coefficient of variation is a more useful measure than standard deviation. Further, the coefficient of variation is a dimensionless number. In this work, since the data groups in each problem instance have different means, the coefficient of variation is determined for each set of problem instances and these values are provided in Table 23 . A low coefficient of variation of the total costs implies less variation in the total costs for different problem instances in the same dataset. In the present study, it is found that the coefficient of variation decreases with an increase in problem size. Hence, it is evident that the proposed algorithm generates solutions with low variability.
Parameter sensitivity
In this section, the impact of different parameters of ACO-based heuristic on performance is described. Different levels for each parameter are tested on the first three problem instances taken from the smaller size problem instances (Table 20) . When the value of one parameter is tested, the others are set at their default values obtained from the Taguchi method of robust design. The different levels tested for each parameter are as follows:
{0, 0.5, 1.0, 2.0, 5.0} {0, 1, 2, 3, 5} ρ {0.7, 0.5, 0.3, 0.1, 0.01} Q {1, 100, 1,000, 5,000, 10,000}
The percentage gap in the solution obtained for each problem instance at different levels of a parameter is calculated as follows:
Average cost obtained from ten runs Best cost obtained from ten runs Percentage Gap 100 Best cost obtained from ten runs For each problem instance, in addition to the percentage gap, the average percentage gap and the computational time in seconds are also determined. Since the objective is minimisation, the level of the parameter under study which provides minimum average percentage gap is selected. Table 24 presents the sensitivity of the parameter on the solution quality of test problems. It is found that the average percentage gap (0.0310) is minimum when the value of is set at 0.5. This is intuitively clear because larger values of parameter α tend to amplify the influence of initial random fluctuations. If by chance, the long path is initially selected by the majority of ants, then the search of the whole colony is quickly biased towards it. Therefore, it is found that the algorithm tends to converge towards the shortest path more often when parameter α is close to 0.5. Similarly, Table 25 gives the sensitivity of parameter on the solution quality of test problems. The average percentage gap (1.3300) is minimum when the value of is set at 1.0. Table 26 gives the sensitivity of parameter ρ on the solution quality of test problems. The average percentage gap (0.9484) is minimum when the value of ρ is 0.1. The low value of ρ is recommended because the solution will converge too fast if a high value of ρ is used. Table 27 gives the sensitivity of parameter Q on the solution quality of test problems. The average percentage gap (0.9057) is minimum when the value of Q is at 1.
Managerial implications
The following implications can be inferred from the computational results from a practical point of view:
The proposed model is well matched with the characteristics of a practical industrial environment. The proposed model helps supply chain managers to make integrated location-routing decisions for their distribution-allocation problem in a two-stage supply chain.
Computational results demonstrate that the heuristic is capable of yielding good feasible solutions.
Implementation of the proposed model does not require extensive computational work. This could be a great assistance in solving supply chains operating in a volatile environment where routes and allocation need to change frequently depending on customers' demand.
In essence, the proposed model can help supply chain managers and designers to easily deal with the LRP in a two-stage supply chain.
Conclusions
In this paper, a two-stage LRP is considered and an ACO-based heuristic is developed to solve the model. In stage 1, the customers are allocated to the depot and the routes are constructed from the depots to the customers. In stage 2, the depots are allocated to the plants and receive the information regarding the total demand at the depot. In order to solve the LRP model, ACO-based heuristic has been developed to determine feasible solutions for the problems generated. The problem instances for two-stage LRP are randomly generated based on the problem instances available in the literature for a single-stage LRP. The generated problems are divided into three problem sizes with varying characteristics depending on the number of plants, depots and customers. The heuristic is run ten times for each problem instance to conduct a performance analysis in terms of the objective function value and the computational time. In terms of real-time application, the problem size can be larger than that of the test data. In such environments, it is not feasible to find an optimal solution in a reasonable amount of time. Hence the heuristic proposed in this paper can be generalised to handle such practical and realistic cases by varying distance or capacity or time constraints. Two-stage LRP for a multi-product environment is an interesting area of further research. The effect of a heterogeneous fleet of vehicles in an LRP can also be investigated. Future research can focus on developing other meta-heuristics for the two-stage LRP model and comparing them with ACO-based heuristic.
